Concrete imaging techniques for damage analysis are showing great potential as improved, reliable automated tools for evaluating concrete structures, particularly in bridge inspections. These imaging methods can provide current information concerning the condition of concrete and are becoming a real complement to visual inspection. This research proposes the analysis of surface AAR map-cracking in bridge decks using thermal, colour and greyscale imagery, from which the following concrete deterioration features: total amount of cracking, total length of cracks, and range of crack widths, are characterized and measured using texture analysis and an artificial neural network. Images were obtained of AAR-induced surface crack networks in a bridge component at the St. Lambert Lock in Montreal (Québec), and in sections of various bridges located in Sherbrooke (Québec), as well as in laboratory specimens that were exposed to AAR indoors and outside. The experiments indicate that infrared thermography is comparatively more effective for analyzing surface damage in concrete than colour or greyscale imagery, producing results with higher accuracies for the various specimens.
INTRODUCTION
Demands for enhanced bridge-deck monitoring are on the rise due to concrete deterioration problems of unprecedented magnitude, which have caused widespread concern about highway infrastructures in Canada, and around the world. Challenging environmental conditions, such as the alkali-aggregate reaction (AAR), which is one of the most common causes of concrete deterioration in Eastern Canada [1] , and increased traffic volumes, are making bridges more susceptible than ever to deterioration. As a result, virtually all bridge decks will fail to serve out their design life [2] . Costs required for the repair or replacement of highway bridges are excessive; a major challenge facing local, provincial and federal governments is the optimal allocation of limited funding for the maintenance and repair of these transportation assets.
Concrete imaging methods are demonstrating their ability to assist in addressing these concerns. They offer cost-effective automated tools for bridge inspection, and can provide reliable information about the current condition of the concrete in order to determine the 2nd International Symposium on Advances in Concrete through Science and Engineering 11-13 September 2006, Quebec City, Canada remaining life of a structure. Imaging approaches based on non-destructive testing (NDT) techniques can be used to obtain comprehensive bridge information on a regular basis; they have already proved to be quite efficient in collecting large-scale data with very little traffic disruption. With appropriate image processing techniques, the automated extraction of concrete damage information can provide quantitative details that are not possible to obtain through solely conventional visual inspections. Although traditional visual inspection has been employed with some degree of success, its effectiveness strongly depends on the knowledge and experience of the investigator [3] . Assessments can vary greatly due to the subjective nature of the inspection, producing inaccurate estimates of the bridge condition. These evaluations are also slow, costly, and often cause traffic disruptions. Therefore, one or more other NDT tools should be used to supplement visual inspections to enhance the power of the assessments; concrete-imaging techniques show potential to be such tools.
Many imaging methods based on NDT have been applied to concrete inspection, such as infrared thermography, colour and greyscale imagery. However, acquiring the image data is only the first step; this data has to be processed so that the information contained in the images can be extracted and converted into a meaningful format for analysis. Interpreting image data of concrete remains a challenging task, since concrete is highly heterogeneous [4] . Therefore, methods based on concrete imaging need to be further developed in order to effectively and efficiently extract information from the images obtained through NDT techniques.
This study proposes the application of the grey level co-occurrence matrix texture analysis approach, through which surface deterioration features in the concrete imagery are extracted. An artificial neural network (ANN) classifier is then employed to obtain deterioration information. The performance of these methods is evaluated through application on three different image sources, infrared thermography, colour and greyscale imagery, of concrete specimens exhibiting various levels of AAR damage; this will also help determine the effectiveness of the three types of imagery in assessing concrete deterioration.
CONCRETE IMAGING
The primary goal of any non-destructive testing technique is to detect and locate defects within an optically opaque medium through appropriate imaging techniques [4] . Other goals of imaging in NDT are to improve inspection reliability, to improve defect detection and characterization, to automate inspection tasks, and to generate information about the material properties in order to assess the remaining life of a structure [5] . Through the use of efficient imaging algorithms, measured responses from NDT can be processed to determine the spatial extent of defects in two or three dimensions, as well as the nature of such defects. There are a variety of applications where such information would greatly benefit the inspection results, in terms of quality and consistency. In the case of concrete structures, such techniques are expected to provide information about thickness variations, as well as inclusions such as reinforcing bars, cracks, voids, delaminations, deteriorated zones and moisture.
Images of concrete can be obtained through many different non-contact NDT techniques. Thermal imaging is an infrared sensing technique, which creates an accurate two-dimensional mapping of a steady or transient thermal effect, called a thermogram, from the measurement of infrared energy emitted by the target, through the use of an infrared camera [6] . This 2nd International Symposium on Advances in Concrete through Science and Engineering 11-13 September 2006, Quebec City, Canada physical phenomenon can be visualized by following propagation and detection of an induced thermal perturbation. An induced thermal pulse can be imagined to flow from the exposed surface into the material. For a defect-free, homogenous material, the pulse of heat passes through uniformly. However, where there are defects, such as cracks, these create higher thermal impedance to the passage of the heat pulse and restrict the cooling rate due to an insulation blocking effect, thereby producing hot spots. When a thermal imager views this surface, temperature differences arising from the presence of defects become clearly visible shortly after the deposition of the heat pulse. Another source of concrete imagery is digital imaging. Colour and greyscale digital imaging greatly extend our natural vision capabilities in terms of colour and greyscale perception. Human vision is relatively poor at discriminating subtle differences in the brightness and colour of features in a scene; greyscale imaging can detect over two hundred grey levels, and colour imaging allows the differentiation of millions of different colours. Such a range of image perception is unattainable by the human eye, although it is extremely useful for quantitative surface analysis.
2.1
Statistical texture approach Through image processing methods, spectral and spatial information contained in images of a structure can be used to derive objective and quantitative data concerning the condition of the structure. Spectral analysis provides information regarding the colour or greyscale attributes of various objects, such as cracks in the concrete, which is used to locate and map their positions in the image. Spatial information is obtained from analysis of the arrangement of grey levels that represent the objects, and can be used to improve the recognition of the objects, as well as their locations and extent.
One image processing method that uses spatial information to interpret image data is an approach known as texture analysis. Texture can be defined as the set of local neighbourhood properties of the grey levels of an image region. Images are represented by the spatial distribution of objects of a specific size and having reflectance or emmitance characteristics. The spatial organization and the relationships between these objects correspond to the spatial distribution of grey levels in the image. Thus, texture can be considered as the pattern of the spatial distribution of grey levels [7] . Texture is an important cue for identifying objects or regions of interest in many types of images, and can provide independent supplementary information about image properties. Such textural information is sometimes the only way to characterize an image [8] .
Statistical texture methods analyze the spatial distribution of grey levels by computing local features at each point in the image and deriving a set of statistics from the distributions of the local features. Texture analysis, however, rarely uses individual properties of the statistics. Instead, statistical features are derived for the extraction of textural information from the image. These features are obtained through processes that take measured grey values to compute new values. For second-order statistics, the grey values of pixels in a window of specific size are taken and the result of the computations is written back on the central pixel; this process is repeated for all pixels in the image. The outputs of the derived features are images in which the pixel values have been changed to reflect a particular feature, or texture; therefore, the resulting feature images are also known as texture features [9] . Second-order statistics operate on a probability function that measures the probability of observing a pair of grey values, separated by a certain distance and direction, occurring in the image. This probability function is also known as the grey level co-occurrence matrix (GLCM), since it 2nd International Symposium on Advances in Concrete through Science and Engineering 11-13 September 2006, Quebec City, Canada measures the probability of the co-occurrence of two pixels with the same grey values. As many as fourteen second-order texture features [10] can be derived from these statistics, such as, contrast mean, and variance, to name a few.
CONCRETE SPECIMENS
The concrete specimens used in this study include a selection of field samples (Figure 1 ), as well as laboratory-prepared blocks and slabs, all exhibiting various levels of surface cracking associated with alkali-aggregate reaction (AAR), which occurs between some reactive aggregates and alkali hydroxides in the concrete pore solution. AAR leads to swelling and cracking in concrete, the amount of which is closely related to the expansion level and other indicators of concrete deterioration, such as loss of rigidity, decreasing mechanical properties, etc. [11] . CANMET and GRAI specimens Two sets of concrete specimens that were produced in laboratories with varying mixture proportions were employed. One set is composed of three concrete blocks made with a reactive limestone as coarse aggregate. The blocks, measuring 40 cm × 40 cm × 70 cm in size, were left to the elements for over ten years at the CANMET site (Ottawa, Canada). The other set contains three concrete slabs that measure 100 cm × 100 cm × 25 cm in size. Slab D1 was made with a non reactive aggregate, while D2 and D3 were made with a reactive limestone. The slabs were batched, wrapped in damp terry cloth and stored at ambient air (20 ± 2°C), at the GRAI laboratory at the University of Sherbrooke (Québec, Canada). Since the amount of cracking is closely related to the expansion level and other indicators of concrete deterioration, such as decreasing mechanical properties, tests were carried out on the CANMET and GRAI specimens in order to estimate the amount of inner damage. It is known that compression (P) wave velocities decrease with increasing amount of damage [3] . Therefore, P-wave velocities were measured through the Impact-echo method. Expansion was measured using stainless steel studs that were fixed on the top surfaces and on the sides of the specimens. Details about the concrete mixtures, average expansion levels and P-wave velocities of the specimens are given in Table 1. 2nd International Symposium on Advances in Concrete through Science and Engineering 11-13 September 2006, Quebec City, Canada
Field samples
The field samples chosen consist of components from a variety of bridges with different degrees of AAR damage. Some of the bridge components are located at the St. Lambert Lock in Montreal, Québec, which is part of the St. Lawrence Seaway, and is severely affected by AAR, with various rates of concrete swelling [12] . The other components are from bridges located in the city of Sherbrooke, Québec, such as the Jacques-Cartier Bridge, which is one of the major bridges in Sherbrooke, and the Joffre and Terrill bridges, as well as a train-bridge, all manifesting different amounts of deterioration. 
3.3
Data acquisition Three types of imagery were taken of all the laboratory specimens and some of the field samples, such as bridge components at St. Lambert Lock; a digital camera was employed to acquire the greyscale and colour images, and thermographic images were obtained through the use of an infrared camera. All images of the CANMET and GRAI specimens were taken with a consistent pixel resolution of 0.26 mm; however, images of the different bridge components have pixel resolutions that vary with the location of the component. All of the images were cropped to an image matrix of 2048 x 2048 pixels in order to obtain better representation of damage.
PROCESSING METHODS
In order to perform the damage analysis, all three types of imagery, thermographic, colour and greyscale, of the different concrete field samples, the CANMET blocks and GRAI slabs, were processed using the grey-level co-occurrence matrix (GLCM) texture analysis method and the artificial neural network (ANN) technique. These techniques can be applied through a variety of image processing software; in this study, the Matlab software by MathWorks Inc. and the Environment for Visualizing Images (ENVI) image processing system by Research Systems Inc., were employed.
4.1
Texture analysis The first step in characterizing concrete surface damage from the images consists of the GLCM texture analysis. Successful application of the GLCM approach depends on three factors: the distance between pixels, the direction between pixels, and the size of the pixel
window. The choice of a distance between pixels depends on the texture of the object of interest; textures that are fine generally require smaller distances, since pixels close to each other present enough variation in their grey values to characterize these textures, whereas larger distances are usually used for textures that are coarse because variations in the grey values occur in pixels farther away from each other. Small distances have been found to produce the best results because they are suitable for fine as well as coarse textures [13] . Consequently, a distance of 1 pixel was employed in this study; this means that the two pixels are located right next to each other. Selecting the appropriate direction between pixels can be difficult as there are four different directions that can be used: 0º (horizontal), 45º (diagonal), 90º (vertical) and 135º (diagonal). The most common choice for the direction between pixels found in literature is 0º, which was also used for this study; this means that the pixels in the pair will be located horizontally from each other.
The efficiency of the GLCM also depends on the size of the pixel window [14] . This refers to the number of pixels surrounding a central pixel that represents a certain area in the image to be analyzed at a time. For example, a 5x5 window represents an area that is 5 pixels x 5 pixels. The size of the window should reflect the texture structure of the object of interest; if the window is too small or too large relative to the texture structure, then real textural properties will not be accurately reflected [15] . In order to determine the most appropriate window size, a method can be used based on the calculation of the variation coefficient for each object class (texture) as a function of the size of the window [16] . The window for which the variation coefficients start to stabilize for the majority of the object classes, while having the lowest value will be the most appropriate size.
Using a distance of 1 pixel, a direction of 0º between pixels, and a window size of 5x5 pixels, the co-occurrence matrix for each type of image of all of the concrete samples was calculated. Many of the second-order texture features that can be derived from the matrix provide similar information. As a result, the software employed utilizes the following eight most common features: contrast, correlation, dissimilarity, entropy, homogeneity, mean, second moment and variance. Among these features also, many are redundant and capture similar concepts; thus, features that do not help discrimination should be discarded [17] . The most effective features are selected through a process consisting of visual analysis, histogram analysis, and analysis of correlation matrices.
In this study, the thermographic image of the CANMET-D3 sample presented the most textural variation. As a result, this image was used in the selection process, since features found appropriate for this image, which contains the most heterogeneity, will be suitable for images that are more homogeneous as well. For feature selection of the second-order statistics, visual analysis of the feature images revealed that the contrast and entropy features presented poor quality in terms of visual information. Display of the histograms indicated that the two features, contrast and entropy, should be considered for elimination, and indicated the possible elimination of another feature, correlation, as well. Finally, the correlation matrix further confirmed the exclusion of the contrast, correlation and entropy features, as well as the second moment and variance features, due to their relatively high correlation. As a result, only the following three second-order features were selected for use in this study: mean, homogeneity and dissimilarity.
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Classification
The next step in the image analysis consists of classifying and quantifying the different classes of texture through a supervised artificial neural network (ANN). An ANN is made up of many parallel processing units composed of non-linear processing elements, known as neurons, interconnected by fixed or variable weights, each having many inputs and one output [18] . ANNs can have a variety of network architectures. The multi-layer perceptron (MLP), which is one of the most popular ANNs, usually contains three layers: an input layer, in which the number of input nodes corresponds to the number of input features, a hidden layer, and an output layer, in which the number of output nodes corresponds to the number of object classes. An input signal usually travels from the input layer to the hidden layer where it passes through an activation function to calculate the output, which then travels to the output layer [19] . The MLP used in this study was constructed of four input nodes for the following four input features: the original input image and the three selected second-order features, mean, homogeneity and dissimilarity. Three output nodes were used for the following three object classes: wide crack, narrow crack and no crack. The logistic activation function, which is the most commonly used in an MLP network, was used in this study.
ANNs learn input-output relationships through supervised training, in which the user assembles a set of training data that contains examples of inputs together with corresponding outputs, and the network learns to infer the relationship between the two [20] . The network is then trained using a supervised training algorithm, which uses the data to adjust the network's weights and thresholds so as to minimize the error in its outputs compared to the actual outputs of the training set; the most common algorithm used for the MLP is the error back-propagation method [21] . The training procedure ends when the error is reduced to a pre-specified threshold or when it cannot be minimized any further. If the network is properly trained, it has learned to model the function that relates the input variables to the output variables, and can subsequently be used to make predictions where the output is not known. For this study, separate regions of the original input images were selected as training data and testing data; the MLP then performed the classifications using the four input features. This was done for each type of imagery of each of the CANMET blocks, the GRAI slabs and the concrete bridge deck field samples.
RESULTS AND DISCUSSION
Classification results are usually presented as classified images that show the spatial distribution of the different classes in which each pixel is assigned a symbol or colour that relates it to a specific class (Figure 2 ). The results can also be presented in a table that summarizes the number of pixels in the whole image that belongs to each class ( Table 2 ). The accuracy of the results obtained from the classification is assessed at the end of the process. The Kappa coefficient, which was found to be the most appropriate index to provide classification accuracy [22] , was the method adopted in this study. Table 2 : Tabular representation of thermographic classifications
5.1
Results of CANMET and GRAI specimens Results of the classifications done for the CANMET and GRAI specimens are presented in Table 3 , which shows the classification accuracies obtained for each class, as well as the Kappa coefficients and overall accuracies for each of the CANMET and GRAI specimens. 
The results show that the greyscale imagery performed fairly well, with an overall classification accuracy range of 72.3% -76.5% for the CANMET blocks, and 68.7% -75.3% for the GRAI blocks. Classifications using the visual colour imagery were slightly better than the greyscale imagery, with accuracies ranging from 71.4% -75.2% for CANMET samples and 70.9% -72.0% for the GRAI samples. The thermographic imagery, however, produced the highest overall classification accuracies, which range from 74.5% -76.3% for the CANMET blocks and 75.6 % -76.9% for the GRAI samples.
Since the classification results from all the laboratory specimens indicate that the infrared thermography performed better than the colour and greyscale imagery, only the results obtained from the thermographic image classifications of the different specimens were used to quantify the various levels of AAR damage. The tabular results of the thermographic classifications performed for the CANMET and GRAI specimens are presented in Table 2 . Among the CANMET blocks, the D1 sample presented the least amount of surface deterioration at 3.86% in the form of narrow cracks, the D2 sample had a moderate amount of narrow cracks (8.15%) and wide cracks (3.62%) for a total of 11.77% surface deterioration, and the D3 sample revealed the greatest amount of narrow cracks at 19.78%, as well as a number of wide cracks at 14.25%, for a total surface deterioration of 34.03%. For the GRAI blocks, the D1 sample had a total surface damage of 1.14% comprised of narrow cracks, the D2 sample presented 14.12% total damage made up of 8.75% narrow cracks and 5.37% wide cracks, and the D3 sample showed 13.99% narrow cracks and 9.12% wide cracks for a total surface deterioration of 23.11%. Figure 3 presents a comparison of the amount of wide cracks and narrow cracks (from Table 2 ) and expansion levels (from Table  1 ; average expansion values were multiplied by a factor of 10 2 for comparison purposes) among the three CANMET blocks and the three GRAI slabs. In order to further analyse surface damage, the classified thermographic images were converted into binary images. This process simplifies the image by assigning the pixels that represent the damage in the concrete a value of 1 (black) and the background pixels a value of 0 (white). Manual or automated methods are then used to count or sum the pixels to calculate total wide-crack length, as well as average wide-crack width.
Comparison of Crack Damage and Expansion Levels
The total length of wide cracks was measured by summing the pixels along the length of each branch of the cracks and the total multiplied by the pixel resolution of 0.26 mm. Among the CANMET blocks, a total length of 0 mm of wide cracks was calculated for the D1 sample, for the D2 specimen, the total length was found to be 97.6 mm, and for the D3 sample, the total length was 237.4 mm. For the GRAI slabs, the total length of wide cracks was calculated to be 0 mm for the D1 sample, 38.6 mm for D2, and 107.3 mm for the D3 specimen.
Determination of the average crack width was performed by summing the number of pixels along the width of the wide cracks at the widest and narrowest points. Since the pixel resolution is 0.26 mm, the average width of wide cracks in the CANMET blocks was found to be 0 mm for the D1 sample, 0.8 mm in the D2 specimen, and 1.6 mm in the D3 block. Among the GRAI slabs, the average wide-crack widths were calculated to be 0 mm for the D1 slab, 0.3 mm for the D2 sample, and 0.8 mm for the D3 specimen.
These findings are supported by data recorded for the three CANMET blocks and the three GRAI slabs (see Table 1 ). Among the CANMET blocks, the D1 specimen showed a lower expansion level as the concrete was mixed with a low alkali level. On the other hand, the D3 specimen was prepared with the highest alkali content, and showed the highest expansion level. The highest values for the total length of wide cracks as well as for the average width of cracks found for the D3 specimen also correspond well to its having the lowest P-wave velocities, indicating the highest deterioration level. As for the GRAI slabs, the absence of wide cracks in the D1 specimen, which had a value of 0 mm for the average width of cracks, as well as for the total length of cracks, is corroborated by its having the lowest expansion level, indicating very little damage. A higher level of expansion was measured on the D2 specimen, with the D3 specimen having the highest measurement for expansion level among the GRAI slabs. Figure 3 demonstrates a strong correlation between the amount of wide crack damage in the concrete specimens and their average expansion levels.
5.2
Results of field samples Classification results for the thermographic, colour and greyscale images taken of bridge components from the St. Lambert Lock, and the colour and greyscale imagery of the JacquesCartier, the Joffre and Terrill bridges, and the train-bridge, demonstrated similar results as those obtained from the CANMET and GRAI classifications. The infrared thermography presented higher accuracies compared to the colour and greyscale imagery in the case of the bridge components at St. Lambert Lock, and the colour imagery performed better than the greyscale images for all other field samples. Total length of wide cracks as well as average crack widths were also calculated in the same manner as for the CANMET and GRAI specimens. Among the samples, the Joffre Bridge component manifested a wide range of crack widths, ranging from 0.15 mm to 0.30 mm. 
CONCLUSIONS
The GLCM texture method and the ANN classification technique have demonstrated their effectiveness for the analysis of surface damage in concrete. Through the application of these approaches, surface deterioration, such as cracks in the concrete, were detected and quantified using thermographic, visual colour and greyscale imagery. The thermographic imagery, however, produced the best results, since the classification accuracies produced using this type of imagery were the highest for all the concrete samples for which this type of image was acquired. The colour imagery, nevertheless, produced acceptable results, and was employed in the damage analysis for some of the field samples. A good correlation was found to exist between the amount of wide cracks present in the concrete and its level of expansion. Since these methods allow for less costly and time-consuming evaluations compared with traditional visual inspection methods, evaluations can be carried out more often to supplement visual inspections. These techniques also allow for quantitative evaluations, such as total amount of surface damage in the images, which can improve the quality of concrete condition information obtained from traditional inspections used for making decisions concerning maintenance and repairs.
For further studies, this method can be evaluated for its potential to be used as part of a monitoring system for concrete structures, such as bridge decks and highway infrastructures. The quantitative analysis resulting from this approach can be used in the development of an automated system for damage assessment to determine the different levels of deterioration, which can be applied to a collection of concrete images for classification according to the level of surface damage. This can lead to the establishment of a database with detailed inspection results, including size and location of each defect found. The image of an object can be easily compared with reference images based on their global features even if the images are not identical and are out of perfect geometrical registration. Consequently, many inspection tasks involve comparing the dimensional characteristics of the object with previous inspection results and verifying that there are no significant changes due to corrosion or unforeseen stress redistribution. Since the imaging and inspection data can be stored in a digital format, a history of inspection results can be examined and compared in order to quantitatively establish changes which occur with time.
